The distribution of subbottom geotechnical strength properties within the Panama Canal are needed to help with the Canal's expansion. Core data already exist in the Canal, including lithological/stratigraphical descriptions and qualitative measurements of rock hardness. These data have been acquired within the Canal during previous expansion activities conducted over the past 60 years. Alone, the core data can be used to estimate rock hardness at unsampled locations using geostatistical methods. However, to help reduce uncertainty in the interpolation of rock hardness, a spatially continuous electrical resistivity survey was conducted to provide a better means of bridging information between cores. Although no direct causative link between rock hardness and resistivity exists, it was thought that the resistivity would be dependent upon jointly influencing parameters that comprise the geomechanical attributes of the rock, in this case porosity. For example, tuff generally had lower hardness and lower resistivity values compared to andesite and differences in porosity of these rock types would help explain the trend. When considering the resistivity in this geologic context, the spatial interpolation of rock hardness showed better agreement with measured data at sampled locations compared to methods that did not consider any geological context (including kriging of core data or a polynomial regression model between resistivity and rock hardness). Additionally, it is believed that full three-dimensional inverse modelling of the resistivity data helped to correctly resolve the location of low-resistivity features that could have been detected as off-line effects in two-dimensional processing algorithms. With these results, it is anticipated that the costs of dredging could be reduced by the simple fact that necessary resources can be anticipated for some of the harder rock types. sides to make way for ships with a maximum draft of 15.2 m in tropical fresh water. The current draft is limited to 12 m for the Panamax class.
INTRODUCTION
The Panama Canal is located along the shortest land connection between the Atlantic and Pacific Oceans and allows inter-ocean transit to and from the Americas, Asia and Europe. The Canal starts near Colón in the Caribbean Sea and vessels pass through the Gatun locks where they are raised 26 m before entering the Gatun Lake. The transit of the lake accounts for over half of the 51 km of travel through the Canal, after which vessels enter the Gaillard Cut. The Gaillard Cut is a 13.7 km long and up to 20 m deep channel that was carved through the rock and shale of the Continental Divide (Moormann and Saul 2009) . At the south end of the Gaillard Cut, the vessels are lowered back to sea level at two sets of locks before leaving the Canal at Panama City. The Canal accommodates bi-directional traffic with lanes to separate the ships.
Presently, work is being conducted to expand the Canal and to build new locks for the 'Post-Panamax' class of vessels. Expansion will include dredging the bottom and widening the method. The context in this case was the geological rock types that differentiate expected outcomes of the electrical resistivity value. For example, it was expected that andesitic or basaltic intrusions have a higher electrical resistivity than more fractured and porous tuff. Additionally, older material would have shown lower resistivity than younger material due to the higher competency and time allowed for weathering of the younger material. To demonstrate the application of streaming resistivity for mapping geotechnical properties, we conducted an analysis on a small section in the Gaillard Cut that comprised either Oligocene-aged tuffaceous agglomerate with intruded andesite, early Miocene-aged marine sedimentary sequences, or competent and less weathered agglomeratic tuff with basalt intrusions of late Miocene age. Attributes of rock hardness were mapped over the entire survey area by correlating resistivity to categorical hardness values that were extracted from cores recovered in the canal. The electrical resistivity method was a useful tool for delineating the boundaries of differing rock types and strength properties. Consequently, the information could be used for evaluating the ease of dredging and removal of material within the Canal.
Site description Setting
The Gaillard Cut portion of the Panama Canal is an overland cut channel, connecting the Gatun Lake to the Miraflores Lake. The data, as well as the method of geophysical processing, will then influence the creation of models that allow the conversion of the electrical properties to the desired geological or geotechnical properties. While land-based electrical resistivity surveys are quite common in this regard (e.g., Roth et al. 2002; Friedel et al. 2006; Soupios et al. 2007; ), water-borne electrical resistivity surveys for the purpose of geological mapping have not been widely performed. More commonly, water-borne resistivity surveys have been used to help understand ocean-aquifer and other hydrological interactions, such as saline intrusion (Abdul Nassir et al. 2000) , identifying potential aquifer recharge areas (Snyder et al. 2002) and investigating submarine groundwater discharge (e.g., Belaval et al. 2003; Day-Lewis et al. 2006) . A few examples of marine-based resistivity surveys for the purpose of geological mapping do exist, as shown in Rinaldi et al. (2006) and Rucker et al. (2011) . Rinaldi et al. (2006) , as part of a geotechnical investigation, performed a water-borne survey to support the installation of a wastewater conduit in the estuary of the Rio de la Plata, Argentina. Their work showed that vertical electrical sounding (VES) could be used successfully to map the depth to a sand layer. Rucker et al. (2011) showed that water-borne streaming resistivity data can be a successful tool for mapping specific subaqueous rock types in the Panama Canal.
In this work, we extended the analysis of Rucker et al. (2011) to assess context-specific geotechnical properties of the Panama Canal using the water-borne streaming electrical resistivity 
FIGURE 2
Geological map of the Cunette-Empire region of the Panama Canal. Also shown are lithologies, recorded from core data along three profiles, as well as their respective rock hardness values (described in Table 1 ).
Gaillard Cut, as originally excavated, was about 92 m wide. Between 1930 Between -1970 , the cut was widened to more than 150 m. The current expansion project will ensure the minimum width is 280 m along straight portions and 320 m in curves (Rucker et al. 2011) . For the analysis presented in this paper, we concentrated on a small region of the Gaillard Cut, called the Cunette-Empire region. The Cunette-Empire region comprises approximately 2.2 km of the central portion of the cut, as shown in Fig. 1 . Bathymetry data, recorded with an on-board echo sounder, showed the water depth in the study area to be an average of 17 m within the navigable channel.
Geology
The Panama Canal Basin is a depositional basin that is structurally complex (Kirby et al. 2008) with an inferred regional deepshear zone trending northwest-southeast, nearly parallel to the Panama Canal (Case 1974) . Numerous northeast-southwest trending faults also exist through the basin (Pratt et al. 2003) . As described by Jones (1950) , the faults are typically high angle (>60°) and include normal, reverse and strike-slip with a wide range of offsets (cm to km scale). Major faults along both the Gatun Lake and Gaillard Cut have been documented in the most recent geologic map of the area produced by Stewart et al. material, likely of high cementation and low porosity. These data are shown in Fig. 2 alongside the lithological descriptions of the core data. In some instances, the hardness straddled two values and was recorded as 'RH-2 to RH-3'. These are shown as '2/3' in the figure. The rock hardness scale appears to have been developed specifically for the Panama Canal by the Panama Canal Company, mid-20th century and loosely resembles that of the U.S. Bureau of Reclamation's scale of H1-H7 (USBR 2001) . No reference for the origin of the Panama Canal rock hardness scale could be found.
Given the relatively high density coverage of corehole data in this particular region, geostatistics (in particular kriging) could be used as a first-order approximation to estimate the spatial distribution of rock hardness in the canal. Geostatistics offers a way of describing the spatial continuity of natural phenomena and providing a means of interpolation at an unsampled location (Isaaks and Srivastava 1989) . For the kriging method, a variogram is used to estimate the spatial continuity of the sample population. The function aims to measure the average degree of dissimilarity between an unsampled value and a nearby data value (Deutsch et al. 1992) separated by a distance, h. Typically, larger distances equate to greater dissimilarity between data values.
The variogram as a function of separation, γ(h), can be represented by a mathematical model and for this work we primarily used the spherical model:
( 1) where c 0 is the nugget for the model, c 1 is the sill and a is the range. The nugget describes the discontinuity at the origin of the function due to short scale variability. The range is the distance to which the variogram reaches the maximum average dissimilarity, calculated as the sill plus the nugget effect (Rucker 2010) .
The ordinary kriging method uses the experimental variogram to formulate the weights used in the estimation procedure. The unknown sample z 0 is calculated by: (1980) . Other structural maps include that of Jones (1950) and Lowrie et al. (1982) .
Within the study area, the Gaillard Cut generally transitions from older strata in the north (e.g., the Las Cascadas Formation) to younger strata in the south (e.g., the Pedro Miguel Formation). The northern part of Cunette-Empire is mainly occupied by the Las Cascadas Formation, consisting primarily of Oligocene tuff and agglomerate, with intruded andesite and basalt. To the south, Miocene-age agglomerate, basalt and tuff of the Pedro Miguel Formation overlay the Cucaracha Formation (containing claystone, sandstone, conglomerate and lignite) which, in turn, overlays the Culebra Formation (composed of marine mudstone, sandstone, limestone and conglomerate) as described by Kirby et al. (2008) . Figure 2 shows a geological map of the study area, which was modified from Stewart et al. (1980) to accommodate the more recent stratigraphic interpretations by Kirby et al. (2008) . Namely, the Culebra and Pedro Miguel Formations were originally recorded by Stewart et al. (1980) as members of the La Boca Formation. Figure 2 also shows geologic profiles through the Canal, developed from select borehole data taken within the present study boundary. At times, such as shown in profiles A-A' and C-C', the boreholes were drilled on dry land prior to the Canal's expansion to present-day limits. Much of the lithological data were retained for Fig. 2 but the water column of the canal shows what material has been removed to allow a greater appreciation of the sequences encountered in the Gaillard Cut region. The profiles show mostly agglomeratic sequences in the north, representing the Las Cascadas Formation. About mid-way through the study area, the tuffaceous agglomerate of the Pedro Miguel is incised and bounded by nearvertical faults. The southern portion of the region shows sandstone and siltstone of the Culebra Formation.
Geotechnical properties
The cross-sections of Fig. 2 reveal some of the hardness characteristics of the rock. The rock hardness was recorded as a qualitative measure during core logging and Table 1 lists the details of the value's meaning. Descriptions of geotechnical parameters relevant to this study are also listed. The scale for rock hardness varies from RH-1 to RH-5, with RH-5 representing very hard (4) where γ ij is the experimental variogram calculated for data pair z i and z j at a separation of h ij and μ is the Lagrange parameter (Isaaks and Srivastava 1989) . Figure 3 (a) shows the model and experimental variogram as described in equation 1 To accommodate the categorical data, the data were assumed to be ordinal, with values straddling two categories given a fractional component of 0.5 (e.g., 'RH=2 to RH=3' is shown as '2/3' in Fig. 2 and treated as a value of 2.5). The mean rock hardness of the 62 corehole values was 3.54 with a variance of 0.99. Figure 3 (a) shows the experimental variogram increasing, albeit noisily, out to about 400 m. Beyond 400 m, the variogram starts to decrease, likely due to the similarity in rock types and hardness values between the Las Cascadas and Pedro Miguel Formations.
To model the data, the following parameters were used: (5) where Sph indicates the spherical form of the variogram model. The model assumes geostatistical isotropy; directional variograms showed no significant deviation from that of the isotropic variogram. Using equation 4. 4. Nine categories of rock hardness were available, with eight categories represented in the kriged data. Where corehole locations were close together, as shown in the north, the contouring appears complex as the algorithm tried to honour all of the individual corehole values. In regions where corehole data were less dense, the contouring appears smooth. Smooth contours are particularly noticeable in the Pedro Miguel Formation.
A common validation measure of the kriging method is to remove one data point at a time and apply the kriging algorithm with the reduced data set. The value estimated at the removed borehole location is compared to the known borehole data value and a perfect validation is a scatter that falls on the 1:1 line between the two data sets. Figure 3(b) shows the results of the validation (called cross validation) and the kriged data appear to generally overestimate the low end of the scale and underestimate the high end of the scale. This is a general consequence of the kriging algorithm and while the estimated rock hardness mean was retained at 3.51, the variance was reduced to 0.53. Another measure is the root mean square (RMS) error between the known and estimated rock hardness (i.e., residual). The (2) where w represents the vector of weights for all known samples. The weights are calculated such that mum of 8 m below the bottom given a water depth of 15 m. To accommodate the required depth of investigation, the electrode separation was 15 m along the cable and the total cable length was 170 m. The boat moved along the canal at 4 km/hr and data were collected approximately every 3.6 s. At this resolution, a sample was collected every 3.75 m. A second design criterion of the survey was to image across the width of the canal by acquiring parallel lines spaced 25 m apart. The design criterion was accommodated by swathing back and forth between pre-designated turning points and the GPS was used to ensure a sufficient coverage by plotting positional information on a heads-up display. The total resistivity coverage of the canal was 663 line-kilometres, with Cunette-Empire comprising approximately 18 line-km of bidirectional coverage. Figure 5 shows the coverage within the Cunette-Empire region. The difficulty of maintaining a straight line while avoiding ships and other obstacles is evident in the tracking of each line. We did not anticipate a significant impact to the resistivity results due to the curvy nature of the track.
Electrical resistivity processing
For a homogeneous earth, the transfer resistance (R), as calculated by the ratio of the measured voltage to the transmitted current, can be converted to electrical resistivity (ρ) using a simple geometric factor, K:
where (7) a is the dipole separation (15 m in this specific case) and n is the measure simply takes the square root of the average square error of the residual but tends to favour the higher residuals. For the cross validation, the RMS is 0.817.
Methodology
Electrical resistivity acquisition Direct-current electrical resistivity data were acquired within the Panama Canal. The resistivity method uses electric current (I) that is injected into the earth through one pair of electrodes (transmitting dipole) and measures the resultant voltage potential (V) across another pair of electrodes (receiving dipole). Numerous electrodes can be deployed along a transect (which may be anywhere from metres to kilometres in length) and modern equipment is used to automatically switch the transmitting and receiving electrode pairs through a single multi-core cable connection. Rucker et al. ( , 2010 described the methodology for land-based surveys, which essentially employs a stationary array for acquisition until all readings are made. A marine-based acquisition uses a streaming methodology (Song and Cho 2009 ). Here, a shorter cable and limited number of electrodes are towed behind a boat and the cable is connected to the resistivity meter on the boat deck. In our study, we used the SuperSting R8 (Advanced Geosciences, Inc.), which allowed up to 8 receiving dipoles to be recorded simultaneously with subsequent measurements occurring within seconds. The electrode arrangement is such that the closest set of electrodes behind the boat is the transmitting dipole and the remainder are the receiving dipoles. In addition to the resistivity set up, ancillary measurements were made such as position using a real-time differential GPS, bathymetry using an echo sounder, and water temperature and conductivity using a hand-held probe (Rucker et al. 2011) .
The main design criterion for imaging the Canal was a mini-FIGURE 4
Kriged rock hardness values over the entire Cunette-Empire region using a spherical variogram.
sented in Loke and Dahlin (2002) and Loke et al. (2003) , with either the L2 norm smoothness-constrained least squares that aims to minimize the square of the misfit between the measured and modelled data (deGroot-Hedlin and Constable 1990; Ellis and Oldenburg 1994):
or the L1 norm that minimizes the sum of the absolute value of the misfit:
where g is the data misfit vector containing the difference between the measured and modelled data, J is the Jacobian matrix of partial derivatives, W is the roughness filter, R d and R m are the weighting matrices to equate model misfit and model roughness, Dr i is the change in model parameters for the ith iteration, r i is the model parameter for the previous iteration and l i is the damping factor. For the analysis in this paper, we chose the L2 norm.
The logarithms of the model resistivity and measured apparent resistivity values were used as the model parameters and data respectively in the above equations. The implementation of the streaming resistivity inversion was applied through RES3DINVx64 v3.03.47 (Geotomo Software 2011), which is a three-dimensional inverse modelling code. Although the data were acquired along two-dimensional transects, the data were modelled in three-dimensions by geo-referencing the electrode positions. The advantage of three-dimensional modelling is that off-line electrically conductive features, which could remain in a two-dimensional transect model, are better reconciled thus prointeger number of dipole separations between the transmission and receiving dipole pair. Since the resistance data were not measured in a homogenous earth, the applications of equations (6) and (7) to individual measurements created an 'apparent resistivity' (Rucker and Fink 2007) , which gave a first-order approximation to the resistivity properties of the Canal. Automated inverse methods applied through numerical models were used to convert the apparent resistivity to an estimate of the true resistivity.
A common resistivity inverse method is the regularized least squares optimization method (Sasaki 1989; Loke et al. 1996 Loke et al. , 2010 . The objective function within the optimization aims to minimize the difference between measured and modelled voltage potentials or apparent resistivities, subject to certain constraints. The optimization is conducted iteratively due to the non-linear nature of the model that describes the potential distribution. The relationship between the subsurface conductivity (s), which is the reciprocal of resistivity and the measured potential is (Dey and Morrison 1979) : (8) where the current applies over an elemental volume U specified at a point (x s , y s , z s ) by the Dirac delta function. Common methods of solving equation (8) include the finite difference method (Dey and Morrison 1979) , the finite element method (Sasaki 1989; Greenhalgh et al. 2009 ), the analytical element method (Furman et al. 2002) and the finite volume approach (Pidlisecky et al. 2007) . Since the surface of the canal was flat, we used the finite-difference method, which also allowed for significantly lower computation time compared to the finite-element approach without loss of accuracy.
The inversion of marine resistivity data is similar to that pre-
Streaming electrical resistivity coverage map within the Canal, overlain by the three-dimensional inverse model grid separated into north and south models.
square grid, with 2 m layers. The inverse model grids are shown in Fig. 5 . The northern and southern portions of the survey were split based on the bend in the Canal. To model the water column, we used the sharp boundary option coincident with the bathymetry of the Canal, which assigned the cells above the boundary the values recorded by a hand-held conductivity meter to depths recorded by the echo-sounder (between 15-19 m); the water resistivity was 67 ohm-m. The final depth of the modelling was limited to 28 m.
viding less spatial smearing of low-resistivity features. The finite difference meshing algorithm places each measured data location at a grid point for the forward model. Essentially, the data points shown in Fig. 5 form an intersection for rows and columns in the model discretization. The inversion algorithm, however, uses a separate discretization that does not necessarily coincide with the forward model. The arbitrary grid modification for the RES3DINVx64 code simplifies the inverse problem by eliminating the need to calculate the resistivity on a large number of small blocks. Specifically, we used a 30 m been shown by Doveton (1986) to have very high values of ω (in excess of 2-3).
Based on these influencing parameters that link, say, porosity to both elastic modulus (e.g., Kahraman and Alber 2006) and electrical resistivity, it is reasonable to construct simple correlations between a mechanical parameter and resistivity for colocated measurements. This was the method applied by Oh and Sun (2008) , Braga et al. (1999) and Sudha et al. (2009) when presenting a blow count from standard penetration tests to inverted resistivity, acquired as one-dimensional vertical electrical soundings or two-dimensional transects. In the first two studies, the correlation between resistivity and blow counts was poor. However, it was apparent upon review that the scatter of data clustered in logical groups that likely coincide to specific lithologies within the same formation. Cosenza et al. (2006) explicitly highlighted similar clusters in a resistivity-cone resistance scatterplot, again based on distinct lithologic populations. Figs 6 and 7. Figure  6 shows a profile through the southern 3D inverse model domain along the western-most cells and Fig. 7 is presented as a horizontal slice through both domains at a depth of 21 m below the water level. The southern model finished with a RMS error of 6.93%. In this case, the RMS describes the goodness of fit between the measured and modelled resistivity values, with lower RMS values equating to a better fit. The northern model finished with a final RMS of 7.01%. The information in Fig. 6 shows resistivity contours (presented in a base 10 log scale) along with geological and geotechnical information from coincident boreholes. There appears to be stronger lateral variability in resistivity than vertical. The resistivity distribution in Fig. 7 highlights this lateral variability as values span approximately from 3-240 ohm-m. The high-resistivity data can be seen within the northern part of the Las Cascadas Formation as an extension of the andesitic intrusion directly east of the high-resistivity feature. Higher resistivity data also appear to dominate the Pedro Miguel Formation. Low-resistivity data are observed in areas characterized by the Culebra Formation and within the Las Cascadas Formation nearer the contact with the Culebra Formation. The lower resistivity of the Culebra could be due to the dissociation of calcium carbonate and other ionic constituents from marine life that was observed to be fossilized in the core record. The ionic pore water in the rock is likely isolated from the more resistive Canal water. This is different from the inundated loose sandy gravel sediments of the Gamboa region, where meandering river deposits of low strength appeared highly resistive (Rucker et al. 2011) . Alternatively, the porosity of the marine sedimentary rock could be higher compared to the andesite or agglomerate, which typically reduces the overall resistivity, according to equation 11. The higher porosity of the sedimentary rock could have been formed during deposition, through natural weathering, or artificially during blasting and construction of the Canal.
RESULTS

The inverse modelling results are shown in
Regression modelling
There is no direct causative relationship between electrical resistivity and rock strength. Indirectly, however, the resistivity can be dependent upon jointly influencing parameters that comprise certain hydrogeological (e.g., Boadu and Owusu-Nimo 2010, 2011; Boad 2011) or geomechanical attributes of rock, such as water content (or saturation), porosity, void ratio, rock composition, or cementation. Archie (1942) , for example, developed empirical models that related these parameters to the bulk rock resistivity (ρ b ) through: (11) where a ρ w is the resistivity of the saturating water, φ is the porosity, S w is the saturation and ω, η and α are fitting parameters. The model shows for a fully saturated media that as porosity increases, the resistivity decreases exponentially due to the electrolytic nature of the current flow through the rock (Telford et al. 1990 ). In cases of sedimentary rock, the porosity exponent, ω, was related to cementation or tortuosity through the pore networks (Schon 1996) . Keller (1989) reported values of ω for porous volcanic rock (e.g., tuff and pahoehoe) at 1.44, while rocks with low porosity and high density a value of 1.58. Carbonates have FIGURE 8
Results of regression and cluster analysis of co-located resistivity and rock hardness data. resistivity between the younger and older strata.
Quantitatively, the relationship between rock hardness and resistivity was explored through a simple polynomial regression model fit through the scatter of the co-located resistivity-rock hardness data and with a simple cluster analysis. The regression model is presented in Fig. 8 and shows a R 2 = 0.43, which is reasonable given the literature examples presented in the previous section. The polynomial regression model was then used to convert the resistivity to rock hardness and provide a spatially continuous distribution for the entire Cunette-Empire region. Figure 9 shows the results of the conversion, using a similar gradational scale as in Fig. 4 . Since the rock hardness distribution of Fig. 9 was created directly from the resistivity data, the contours are much less smooth than Fig. 4 . A couple of areas stand out as having a particularly high hardness, including the region to the west of the andesite intrusion of the Las Cascadas Formation and most of the Pedro Miguel Formation.
A simple cluster analysis was also conducted that grouped the data into lithologically-based clusters for tuff (moderately soft material), agglomerate (moderately hard material) and andesite (hard material). Figure 8 shows how the clusters were organized, with ellipses sequestering the different groups. A cluster analysis is a method for grouping objects of similar relations into respective categories. The formal sorting of different objects into groups provides a degree of association between two objects that is maximal if they belong to the same group and minimal otherwise. For the Panama Canal data set, resistivity values for specific lithologies fell within a similar cluster, which was identified by expert judgment rather than using formal algorithms. The same methodology was conducted in Cosenza et al. (2006) by drawing clusters based on layers. In both our work and that of Cosenza et Overlain on the contoured resistivity data are the specific lithology and rock hardness data from the core logs, taken at the 21 m depth. The lithology data are presented as coloured dots with numbers nearby to represent the hardness. Rock hardness recorded with a half value was meant to represent those rock sections that straddled two adjacent hardness categories. The cross-section of lithologies appears to be mainly composed of agglomerate in the Las Cascadas and Pedro Miguel Formations. Some regions show andesite, particularly in the high-resistivity areas in the north. Regions of tuff, intrusive basalt and ash flow are also scattered among the boreholes. The Culebra Formation appears to be mainly siltstone at the 21m depth.
Interestingly, there does appear to be a geology-specific qualitative correlation between the rock hardness and resistivity data. To highlight this correlation, Fig. 8 shows a scatter of colocated core-resistivity data that compares the resistivity to rock hardness. The data are divided into material type, which allows a further discriminator for the trends observed in the scatter. The general scatter shows that there is a positive correlation between resistivity and rock hardness, with high resistivity and high hardness attributed mostly to andesite and basalt. Low-resistivity and low-hardness values are associated with tuff and the mid-range for both parameters is filled by agglomerate. When comparing the Las Cascadas Formation to the Pedro Miguel Formation, the resistivity for the latter appears to be on average higher than the former for equivalent lithological sequences. This is likely due to the younger Pedro Miguel being less weathered. The correlation of Fig. 7 is likely tied through the porosity, as andesite and basalt typically have much lower porosity than tuff. Low porosity tends to increase the strength and increase the resistivity. The porosity hypothesis also helps to explain the differences in strength and Spatial interpolation of rock hardness using polynomial regression from the model presented in Fig. 8. for clustering is likely due to the fact that fewer high hardness values were underestimated or low hardness values overestimated as shown with regression and kriging. Regardless, the map can now be used to help understand the ability to dredge the region and plan for appropriate resources to be used, especially in the very hard rock areas where blasting will be necessary.
CONCLUSIONS
A water-borne streaming electrical resistivity survey was conducted in the Panama Canal to discern geotechnical properties in support of Canal expansion. The resistivity data were collected by towing a cable, with built-in electrodes that were electrically coupled to water using a dipole-dipole array. The streaming methodology allowed the creation of continuous transects along the length of the canal. Many transects were collected at a nominal spacing of 25 m by swathing back and forth across the width of the canal. Although not formally acquired in three-dimensions, the data were inverse modelled using a three-dimensional inversion code by first geo-referencing each electrode position. Ancillary data were also entered into the input file, such as the bathymetry and water resistivity, to help constrain the resistivity values calculated for the subbottom rock. The resistivity interpretation was aided by core data, which supplied lithological and stratigraphical information, as well as a qualitative rock hardness measure that categorically ranged from 1 (soft) to 5 (hard).
The comparison of electrical resistivity to rock hardness for co-located measurements showed that the resistivity data tended to cluster into lithological categories that aligned with tuff (moderately soft), agglomerate (moderately hard) and andesite/basalt al. (2006) , the clusters overlapped somewhat providing a fuzzy definition for the boundary between adjacent clusters. The three clusters were then used to classify resistivity values according to a gross hardness attribute of either moderately soft, moderately hard, or hard. Figure 10 shows the results of the classification and conversion, with all data being converted to a base attribute of moderately hard, with the exception of log-based resistivity values less than 1.08 given an attribute of moderately soft and log resistivity values above 1.69 given an attribute of hard. The distribution of hardness attributes in Fig. 10 appears logically grouped with relatively low noise. For example, the Las Cascadas andesitic intrusion in the north shows a high hardness as well as some centralized agglomeratic material in the Pedro Miguel Formation of the south, similar to the results of the regression model. The Culebra Formation is mostly moderately soft in the southern most extent of the survey area. A few of the projected faults across the Canal also appear in the data as the rock hardness abruptly changes from one side of the fault to the other.
Lastly, the performance of the regression and cluster analysis was conducted by comparing the known rock hardness to the estimated rock hardness. The performance is presented as a scatterplot in Fig. 11 . Figure 11(a) shows the regression model results with a RMS = 0.75. Figure 11(b) shows the cluster analysis results with a RMS = 0.68. In this case, the attributes of moderately soft, moderately hard and hard were assumed values of 2, 3 and 4, respectively. The analysis shows that the clustering of resistivity data into a smaller number of groups provided marginally better conversion to rock hardness than either polynomial regression or kriging. The marginal performance enhancement slightly higher than the cluster method. Lastly, the corehole data were treated independently and kriged using a spherical variogram. In both the regression and kriged rock hardness validation procedures, overestimates at the lower end of the rock hardness scale and underestimates at the higher end of the scale were observed. In effect, these modelling procedures tended to show enhanced smoothing of rock hardness compared to the measured properties. The enhanced smoothing created higher RMS error calculations, with the kriging results giving the highest RMS, compared to the cluster method.
By directly considering the geological context in which the resistivity data were collected, the spatially-derived geotechnical model showed lower errors in the validation procedure compared to methods that ignored the geology. Specifically, the porosity and age (or degree of weathering) of each lithology had a great influence on the distribution of resistivity, with the high porosity values giving rise to both lower resistivity and lower rock hardness. Secondarily, it is believed that three-dimensional inverse modelling of the resistivity data helped reconcile low-resistivity features that would normally have been observed as off-line effects, compared to modelling of either two-dimensional transects or onedimensional vertical electrical soundings. For example, the electrically conductive clay core of a dam (as in Oh and Sun 2008) may still be observed within resistivity transects placed closer to the toe. These off-line effects may place the co-located resistivity/ geomechanical measurements in a region of the scatter plot that greatly increases uncertainty in the regression.
(hard). These three clusters of resistivity were then used to convert the calculated resistivity to a spatially continuous rock hardness attribute that aligned with the cluster designation. Validation of the conversion procedure was conducted by comparing the estimated rock hardness to the known rock hardness at each corehole location, with a root mean square error calculated between the two data sets. The RMS for the cluster analysis was compared to a similar procedure using a simple polynomial regression fit that aimed to model the scatter between rock hardness and electrical resistivity. The RMS between known and estimated rock hardness for the regression modelling was 
